An optical model is developed based on the diffuse attenuation coefficient (K d at all key wavelengths (from 412-683 nm), with statistically significant improvements over other inversion models. Thus, the new model has the potential to improve our knowledge of particulate matters and their optical variability in oceanic waters.
coastal waters (with high mineral particle concentrations). The Mie theory implementation is also limited by the lack of knowledge on the imaginary part of refractive index and assumption of the same particle size distribution for organic and inorganic fractions of seawater (Stramski et al., 2001; Twardowski et al., 2001; Risovic, 2002; Babin et al., 2003; Green et al., 2003) . Semi-analytical models are based on radiative transfer theory (Maritorena et al., 2002) , and can be applied to a wide range of the ocean environments. Recently, commercial instruments (e.g., AC-S, BB9 (WET Labs Inc.)) have become available for direct measurements of scattering and backscattering properties (Twardowski et al., 2005 (Twardowski et al., , 2009 . Unfortunately, practical difficulties are associated with these instruments for direct measurements of the volume scattering function (VSF) at sufficient angular and spectral ranges (Chami et al., 2006) .
The objectives of this work are to develop a robust model to estimate spectral particulate backscattering coefficients in oceanic waters, to evaluate its performance using independent in-situ data and SeaWiFS satellite match-ups from a variety of waters, and to compare its results with those of the global inversion models (IOCCG, 2006) .
Data and method

In-situ data
The NASA bio-Optical Marine Algorithm Dataset (NOMAD) -a global, high-quality insitu data highly suitable for algorithm development and validation (Werdell and Bailey, 2005) 
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The NASA NOMAD OOXIX IOP algorithm workshop evaluation data (Version 2.0w APLHA) were used as independent data sets (after eliminating certain data common to NOMAD-A) for validating the new model in the context of remote-sensing applications (Werdell and Bailey, 2005; Werdell, 2009; Brewin et al., 2011) . The later data set consisted of 185 matched remote sensing reflectances at SeaWiFS wavebands and in-situ particulate backscattering coefficients (hereafter referred as NOMAD-C data). Note that a few of these measurements were not independent of the NOMAD-A samples used in NOMAD-C data sets (most of the overlapping data sets removed to assess the validity of the models). For the NOMAD data set, the particulate backscattering b bp (λ) values were obtained according to b bp (λ) = b b (λ) − b bw (λ), where b bw (λ) is the backscattering coefficient of pure seawater obtained from Smith and Baker (1981) .
The IOCCG simulated data set (for Sun at 30• from zenith; considered N = 500) previously used by the IOCCG working group (for IOPs) for validation of several inversion models (IOCCG, 2006) were also used in the present investigation. Figure 1 shows the histograms of four data sets (in-situ and IOCCG simulated) of b bp (λ) at 530 and 555 nm and corresponding R rs at 490 and 555 nm for a wide range of waters.
The low-high values of the histograms correspond to clear waters to coastal waters.
Model description
Particulate backscattering coefficient -background
The backscattering coefficient (b b ) is an inherent optical property (IOP) (Preisendorfer, 1961) which is defined as a function of the volume scattering function (VSF), β (λ, θ). It describes the scattered radiant intensity into a scattering angle θ per unit irradiance of the incident unpolarized beam of the light per unit volume of water (Mobley, 1994 and .
The integration of β (λ, θ) (VSF with units m -1 sr -1 where θ is the scattering angle and λ the wavelength) over the backward hemisphere provides the backscattering coefficient through the following expression, (Stramski et al., 2004) .
The total backscattering coefficient b b (λ) is the sum of the backscattering by pure water b bw (λ) and particulate backscattering b bp (λ).
Hence, backscattering by particles b bp can be described as follows,
where the scattering coefficient of pure seawater (b w ) is obtained from Smith and Baker (1981) to derive the backscattering by pure seawater (b bw = b w /2).
In the recent decades, many laboratory and field investigations yielded robust constraints on the absorption basis function spectral variations (Roesler et. al., 2003) . Since backscattering sensors are relatively new, there is less information on backscattering basis functions. Previous studies by Morel and Ahn (1991) and Stramski and Kiefer (1991) demonstrated that most of the backscattering (70-90%) in ocean waters is caused by particles smaller than 1μm. In fact, Mie theory was used to compute optical properties of particles (for absorbing spheres) which yielded strong spectral features near the absorption peaks (van de Hulst, 1957; Gordon, 1974; Bricaud and Morel, 1986; Zaneveld and Kitchen, 1995) . However, there was difficulty in constraining these features which led to the implementation of Mie theory for populations of non-absorbing homogeneous spheres, in which b bp was expressed as a smoothly varying function (Morel, 1973) . Thus, the particulate backscattering b bp (λ) can be defined as:
where b bp (λ) and b bp (λ r ) are the particulate backscattering coefficient at a desired wavelength and a reference wavelength, respectively. Y is the spectral slope that determines variability, shape, and magnitude of the particulate backscattering spectra.
Most of the inversion models use the equation (4) with slight modification for retrieval of the particulate backscattering coefficients from satellite ocean colour data.
Modelling particulate backscattering coefficient
For deriving the particulate backscattering coefficients, some studies showed good correlation between b bp and R rs and others found better correlations between b bp and chlorophyll (Chl) or suspended sediment (SS) concentration Sun et al., 2009; Victor et al., 2010) . It should be noted that these relationships are not always consistent due to the lack of a theoretical framework for predicting b bp . Our present understanding of major contributions to b bp in natural waters is therefore uncertain, and it is unknown that which particles backscatter light most efficiently (Stramski et al., 2004) .
Mie calculations (for scattering) suggest that significant contributions to b bp come from submicron particles (Stramski and Kiefer, 1991) , but there is evidence that application of this theory is inadequate for computation of b bp for particle assemblages in natural waters (Bohren and Singham, 1991; Kitchen and Zenveld, 1992; Clavano et al., 2007) . Thus, the current inversion models are limited to relatively clear ocean waters because of their difficulty in determining b bp features (i.e., spectral signature and magnitude) in turbid coastal waters (Shanmugam et al., 2011) . This prevents our knowledge of b bp and thus interpretation of ocean colour signals (Antoine et al., 2011) . In order to obtain more accurate b bp values, new models with better parameterizations are needed to derive b bp features over the entire visible wavelength domain.
The spectral diffuse attenuation coefficient K d (λ) is one of the most important apparent optical property (AOP) (Preisendorfer, 1976) of seawater, directly linked to the IOPs such as absorption and backscattering properties (Sathyendranath and Platt, 1988; Gordon, 1989; Lee et al., 2005a and b) . Several studies were already conducted on K d (λ) in different waters (Kirk, 1981; 1984; 1991, Morel and Loisel, 1998; Lee et al., 2005a and b) .
This optical property is indicative of how strongly light at a particular wavelength is attenuated within the water column, thus it has wide applicability in ocean optics and remote sensing applications. It plays a very critical role to understand backscattering and absorption properties, photosynthesis and primary productivity models (Platt, 1986; Sathyendranath, 1989) , heat budgets (Lewis, 1990; Morel, 1994) , other biological processes in the water column, and to classify water types (Jerlov, 1976) .
The relationships between the diffuse attenuation coefficient and particulate backscattering can be understood by studying the underwater light. The propagation of downwelling irradiance at wavelength λ from surface to a depth (z) in the water column is known as diffuse attenuation coefficient. K d values show an increasing dependency on solar zenith angle and absorption from blue to the red wavelengths. In principle, K d represents cumulative decrease in the downwelling irradiance along the depth and generally should be proportional to the path length of photons in the water. It is known that an inverse relationship between the K d and average cosine angle is expected for a purely absorptive water body. However, in natural water bodies, scattering by water molecules and particulate matters tends to cause the underwater light field geometry to be more isotropic radiance distribution. Therefore, K d is weakly dependent on the solar zenith angle at the wavelengths < 510nm than at the red wavelengths, and the backscattering effect is dominant over the absorption (Zheng et al. (2002) . Therefore, a proportionality of K d and b bp can be correlated on the above underwater light conditions.
Since the present study focuses on the surface water backscattering properties, it is clear that the dependency of K d at 490 nm on solar zenith angle is nearly negligible or a very weak function while the influence of backscattering on K d at the short wavelengths is dominant.
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The nonlinear least square method is better suited to fit a nonlinear model to data. This type of model is defined by an equation that is nonlinear in the coefficients or a combination of linear and nonlinear in the coefficients. Mathematically, the nonlinear model is given by the formula
, where z is the response, and can be derived using a set of coefficients (γ) and variable quantity (χ) with an approximate error value (ε). Linear models are easy to solve using the simple mathematical regression analysis, while nonlinear models are more difficult to fit; thus an iterative method is used to determine the required coefficients to obtain the desired response including the approximate error value. The fitted response value
is produced after the successive iterative process to produce a new set of coefficients (p) and reduce residual between the data and the fitted curve, until the fit reaches the specified convergence criteria, which involves the calculation of the Jacobian of f( p ,  ), which is defined as a matrix of partial derivatives taken with respect to the coefficients. (490)), very small RMSE values (0.00076 and 0.00072 respectively), and 95% confidence bounds (Fig. 2) . The best-fit power equations coefficients are achieved using the Trust-region method along with Bisquare weights scheme to adjust the coefficients for a better fit, as it can solve difficult nonlinear problems more efficiently than the other methods (Coleman et al., 1996) . The Bisquare weights scheme is used because it is very useful to minimize the effect of outliers. The Mueller (2000) 
with X = log 10 [R rs (490) / R rs (555)]
The values of Y are derived from the above equations (6) and (7) (7) and (8) can be substituted in equation (4) 
Results
The performance of the new model for predicting b bp (λ) values was evaluated with three data sets: NOMAD-A data (used for the model parameterization at two wavelengths 530
and 555nm) at the wavelengths 412-683nm, independent NOMAD-B data (SeaWiFS satellite match-ups) at the wavelengths 412-555nm, and NOMAD-C data at the wavelengths 412-555nm. The results of the new model are also compared with those of the other inversion models (e.g., LM, QAA, and GSM semi-analytical models). Further validation with IOCCG simulated data set was also performed. The statistical evaluation results of these models are summarized in Tables 1, 2 
Spectral variability of the particulate backscattering coefficient
A large set of the particulate backscattering spectra was generated by the present model, with the varying spectral slope values that influence on the shape and magnitude of spectral b bp (λ) curves, and compared with the corresponding in-situ spectra (NOMAD-A) at the selected wavelengths (Fig. 3) . The spectral comparison is interesting as the shape and magnitude of the modelled spectral b bp (λ) curves are consistent with those of the insitu spectral b bp (λ) curves. It is observed that the b bp values are strong in the blue (e.g., 412 and 443 nm) domain and decrease towards the longer wavelengths. The difference between modelled and in-situ spectra is small and confined to a few observations made in (Antoine et al., 2011; Loisel et al., 2011) , and 0.03 up to 0.3 m -1 in turbid waters (Neukermans et al., 2011; Boss et al., 2009 ). The present model has the potential to estimate the b bp values in oceanic waters, where these values vary from 0.0003-0.011 m -1 (Figs. 3 and 6 ). To further investigate the performance of this new model, it was applied to the IOCCG simulated data set, which is representative of a wide range of waters (from clear to turbid). ). In such case, the optical variability in the geometric structure of the underwater light field is governed by the relative intensity of "b bp ", whereby leading to the formation of isotropic region.. The diffused field thus formed becomes less dependent on illumination geometry and solar zenith angle at the blue wavelengths (Zheng et al., 2002) . The dominant effect of scattering over absorption process at K d (490) (555) (Fig. 2) Thus, comprehensive and consistent in-situ measurements of these optical properties in typical coastal waters will allow the refinement of the new model which can be used to derive information on the refractive index and particle size distribution based on certain optical models to study the particle populations and their characteristics in coastal waters.
Model validation
The results discussed in this paper have important implications for ocean colour remote sensing. 
